Consumer buying behavior on the Internet: Findings from panel data
Online retailing became big business in late 1998, as millions of people placed orders for holiday gifts online and retailers scrambled to upgrade their distribution networks to cope with the growth. (Cyberatlas.com, 1999) . Companies planning for the growth of online retailing need reliable estimates of the growth of online shopping. Data about online consumer purchasing behavior is also needed to help companies define their online retail strategies for Web site design, online advertising, market segmentation, product variety, and inventory holding and distribution. Reliable forecasts are more likely to be based on the behavior of online consumers, rather than consumers' stated intentions, or worse, the guesses offered by many Web marketing "experts."
Started in November of 1997, the Wharton Virtual Test Market 1 , is both an ongoing survey of Internet Users concentrating on electronic commerce and a online-laboratory that can help gauge customer reactions to new strategies and products (see Mandel and Johnson, 1999 for an example). It offers an inexpensive and efficient way estimates of the size and composition of the online consumer population a means to gain feedback on new products and approaches. Because the WVTM is also providing one of the few sources of panel data measuring changes in the behavior of online consumers over time, it is as we will argue later, particularly useful for understanding trends.
This paper reports the findings from the second year in which the WVTM was surveyed, and therefore, the first opportunity to examine how individual panel members have changed over time. We first summarize the advantages and disadvantages of using panels to collect data, and then describe the techniques used to create an online panel (the WVTM) to collect data about consumer purchasing behavior on the Internet. Our major contribution is the report of the results of the second survey of WVTM panelists (referred to from now on as the WVTM2)-in particular the changes over time within individuals that only a panel such as the WVTM can reveal. We then close by modeling changes over time within individuals to forecast total on-line spending for the year 2000 using a Monte Carlo simulation.
Panel data
Panels are used widely in market research to study consumer purchase patterns, test new products, and evaluate promotional campaigns. Panel surveys use longitudinal data comprising responses to the same or similar questions by the same participants over more than one time period.
Dynamic panels rotate panel members to maintain a representative sample of the population and to reduce testing effects or panel conditioning (dynamic panels provide the audience estimates for TV ratings). In contrast, static panels only retain the original panel members and, apart from unavoidable attrition, do not change over time (e.g., a study of the careers of people who graduated from high school in 1972).
The advantages and disadvantages of panel data are listed in (Sudman and Ferber, 1979) .
While incentives can be used to reduce attrition, attrition is rarely random. Incentives can also be used to minimize panel selection bias, which can happen when the people who participate in a longitudinal panel survey are very different from the population. Conditioning effects happen when the process of conducting the panel survey affects its findings. For example, consumers asked regularly whether they intend to purchase a product may come to the conclusion that they should develop such an intention (Kinnear and Taylor, 1996) and such questions have been shown to actually change subsequent purchases (Morwitz, Johnson and Schmittlein, 1993) . For dynamic panels, recruiting new panel members can reduce conditioning effects as well as biases resulting from differential attrition across market segments in the panel with a loss of continuity.
One problem with using a dynamic panel is the assumption that the "average" panelist is very similar across time periods even though the individuals in each time period are different.
Multiple sources of variance are held constant when the same individual is tested (the major advantage of panel data) and this benefit is sacrificed to some extent when a dynamic panel is used (Golany, Phillips, & Rousseau 1991) . All of these sources of bias can be summarized under the heading of non-response bias. Non-response bias will threaten the conclusions of any study when it is plausible that the average member of the population being studied is more likely to be represented by the people who are not in a sample, rather than those who are. Assessing the extent of non-response bias requires a statistical comparison of the reporting sample to the population being studied. Adequate total sample size, in and of itself, is not sufficient to prevent selection bias. Each variable of interest that could affect the conclusions of the study must be adequately represented within the sample.
More recent research suggests another advantage of panel research (Menon, 1997) . The report of one's last expenditure on the net, asked twice over the course of a year, is more accurate than asking for spending for both last year, and the year before.
Most surveys about Internet usage reported in the popular press use cross-sectional data, for example, surveys by Ernst & Young (1999) , Forrester Research (Morrisette, Bluestein & Maraganore, 1999) , GVU (Kehoe, Pitkow, & Rogers, 1998 ), Jupiter Communications (1999 , and the Pew Research Center (1998). We believe that panels highlight important changes in individual behavior over time (e.g., "dropouts" and sensitivity to privacy issues on the Web).
This is particularly important in the dynamic Internet community that is constantly changing as more people go online for the first time, and those people who are already online become more acclimatized to the World Wide Web. For example, we find that sensitivity to security/privacy is a function of time online.
Insert Table 1 about here
WVTM1
The first Wharton Virtual Test Market survey panel (WVTM1) closely matches the United States online population (Bellman, Lohse and Johnson, 1999) . Responses from 9,738 panelists provide a basis for identifying factors that predict whether a person bought goods or services online, and if they did buy online, how much they spent. Based on logit and regression analysis of these data, two major categories of variables predicted online buying and spending: "time starvation"
and a "wired" lifestyle. Online buyers worked many of hours each week (e.g., a single person working over 50 hours per week or a married couple working over 100 hours per week).
Because such "time starved" panelists had fewer hours available for leisure we believe they made purchases on the Internet to save time. People who buy online also use the Internet more than other people online-they lead a more "wired" lifestyle. They use email to keep in touch with family and friends. They have been on the Internet for years as compared to months for non-buyers. And, finally, they use the Internet regularly at work and believe it has improved their productivity.
Demographics (e.g., gender, age, income, race, etc.) did not predict differences in online buying, although males spent slightly more than female online shoppers. However, both the WVTM1 and other studies (Kehoe, Pitkow, and Rogers 1998; Kraut et al. 1997) altogether. Average time to complete the online survey was 7 minutes. Our analysis of the questionnaire data describes the factors associated with buying online, and the amounts of money online buyers spend.
Results
The population frame for the Wharton Virtual Test Market panel is the total population online now as it evolves. A measure of how accurately the responses of this panel mirror the responses of the online population is a function of selection bias in the panel. To explore potential nonresponse bias problems, due either to attrition or conditioning, we divided the 9,738 WVTM1 panelists into two groups: (1) the 2,549 (26%) respondents who stayed in the panel and completed the WVTM2 survey, and (2) the 7,189 (74%) non-respondents who dropped out of the panel, for whatever reason. Table 2 compares the values for these two groups to the twelve predictor variables for buying and spending behavior identified in the WVTM1 (Bellman, Lohse, and Johnson, 1999) . There was no significant difference between respondents and nonrespondents in either the percentage of panelists that chose to buy online or mean annual online expenditures. This is important since these are the two primary dependent measures in the panel.
In addition there were no other statistical difference between respondents and non-respondents among most of the other variables reported in Table 2 . However, there were two differences in variables used to predict buying and spending behavior. WVTM2 respondents were more likely to have ordered from a catalog in the last six months as compared to WVTM2 non-respondents (t(4162) = 2.51, p<.050). There were slightly more females responding to the WVTM2 survey than males (t(4162) = 6.74), p<.0001). Since this analysis found no differences between respondents and non-respondents in their online buying or spending behavior, we did not correct subsequent analyses of online buying and spending for non-response bias.
Insert Table 2 about here We compare our online sample to the USA Census data for Internet usage (Table No. Table 3 shows data for the Internet user population (people with any online Internet usage), and the panel data. Except for population size, all data in Table 3 are percentages.
There were no differences between the WVTM2 panel and the Internet user population in either age, gender, marital status, education, or occupation, although both the panel and the Internet user population are younger, more likely to be male, more likely to have graduated college, and more likely to have a professional occupation compared to the general population of the United
States. However, the mean household income is significantly lower for the panel than the income for the Internet user population although it is still higher than the general population (χ 2 3df = 11.95, p < .01).
Insert Table 3 about here
Who is buying online?
We examined who was and who was not buying on line in three ways: First we took advantage of the panel structure of the WVTM survey to look at four segments defined by their year-toyear purchase patterns. Second, we similarly examined the effect of time on the internet on purchasing. Finally, we describe the results of a logistic regression that attempts to predict who will buy.
Buying Segments. Since we have observed the WVTM panelists at two points in time, instead of just once as would be the case with cross-sectional data, we categorized buyer behavior into four segments: (1) "never buy," (2) "drop outs," (3) "newbies," and (4) "steadfast buyers" (Table 4) .
A Multivariate Analysis of Variance (MANOVA) for 21 independent measures shown in Table 5 simultaneously controlled for the multiple measures and showed that there are significant differences between these four buyer segments (Wilk's λ=.8264, F(51,6056)= 7.85, p<.0001).
Panelists characterized as "Never buy" have not made a purchase on the Internet in both time periods. This segment represents 14% of the panelists. Panelists that made an online purchase in 1997 (WVTM1) but did not purchase online in 1998 (WVTM2) are labeled as "Drop outs"
(15% of respondents). "Newbies" (31% of respondents) did not make a purchase in 1997 (WVTM1) but did make a purchase in 1998 (WVTM2 decrease in paper-based catalog orders, received 7 more email messages per day in 1998 compared to 1997, and increased their total hours online per week from 13.9 to 15.4.
The Effect of Internet Usage. One additional finding worth noting is that the percentage of panelists making a purchase on the Internet increases as a function of time spent online. The longer the amount of time spent online, the greater the chance of making a purchase online (Figure 1 ). In 1997, 34% of the respondents who had been online for one month had also made an online purchase. In 1998, 84% of the respondents who had been online for five years made a purchase. More importantly, this trend increased when we compare the two years: There was an across the board increase in the rate of adopting online buying. Thus forecasts based upon the a static one-shot study may underestimate the growing size of the internet marketplace.
Insert Figure 1 about here
Predicting who will buy. The factors that predicted purchasing online were analyzed using logistic regression ( Insert Table 6 about here Figure 2 shows these significant predictor variables. We calculated the impact of each factor by multiplying each variable's range by its parameter in the cross-validated logit. Not surprisingly, the degree of Internet usage to search for product information explained the most variation in whether someone would make an online purchase. The number of email messages per day had the next largest effect on buying behavior. Receiving more email messages is associated with a higher proclivity to buy online. In addition, ordering from a catalog in the last six months is an indicator of buying online (in other words, people who buy from catalogs are likely to also buy online). Also, the longer someone has been using the Internet, the more likely they are to make an online purchase. Using the Internet for travel information, finance information, or news and current events are also associated with buying goods and services online.
For these diverse uses of the Internet, there has been a dramatic increase over the past year (Figure 3 ) that demonstrates that in 1998 the "wired lifestyle" was more pervasive. Finally, according to these WVTM2 data, males had a slightly higher proclivity to buy online than females, although the effect size is relatively small.
Insert by the amount spent on the most recent online purchase. We applied a log transformation to the dependent measure -annual spending data. A log transformation is justified because the variances within categories of the dependent increase in proportion to the mean of the category.
Again, the sub-sample of online buyers was split in half randomly, and double cross-validation was used. The final regression equation explained 23% of the variance in annual value and was significant (F(13,5208)=57.63, p<0.0001). Table 7 shows the regression analysis. In addition to the variables noted in the logistic regression to predict buying behavior, another demographic variable (household income) explains a significant portion of the variance in annual online spending. While income did not determine whether someone would make an online purchase, it does influence how much they will spend. Annual household income explains an additional According to these results, "time starvation" (number of hours worked) and a "wired" lifestyle are still major determinants of the amount of online spending a person does, although time starvation does not seem to influence whether a person buys at all from an online store. One of the unique insights that panel data such as the WVTM1-2 can offer is that individuals achieve a more "wired" lifestyle the more they become acclimatized to the World Wide Web. Although demographics such as gender and income are significant explanatory factors, a person's proclivity to buy and spend on the Internet is not fixed but can change rapidly over time alongside changes in online behavior.
Insert Table 7 about here Total USA Online spending projections Table 8 shows forecasts for total USA online spending (business to consumer) from five Industry sources. Forecasts for the year 2000 range from $17 -$33 billion. Forecasting online business to consumer sales depends upon the number of people online (maximum is total USA population), the average likelihood of buying, and average annual online spending per person.
According to the WVTM2, the longer someone has been using the Internet the more likely they are to buy (Figure 1 ) and the more they spend ( Figure 5 ). In 1998, for example, buyers that had been using the Internet for 12 months had a median annual purchase amount of $180 whereas buyers that had been using the Internet for 60 months had a median annual purchase of $300.
Assuming the number of online Internet users was 55 million in July 1998, we applied our likelihood to buy data ( Figure 1 ) and spending data ( Figure 5 ) to forecast total online retail sales in the USA. Estimates for the growth of Internet usage in the United States average 2.5% per month (e.g., Broersma 1998; Court 1997; Emmerce, 1998) . Accordingly, we assumed that the growth of new Internet users was 2.5% per month. Using Monte Carlo simulation, growth in
Internet usage (and therefore, the size of the Internet population) is the most critical factor affecting estimates of online retail sales. If more conservative estimates are used, the final figure drops from $29.1 billion for the generally expected growth rate of 2.5% to $23.6 billion for a growth rate of 1%. In addition, we assumed 15% of online buyers would not purchase from the Web the next year (Table 4 ). Figure 6 shows the USA business-to-consumer Internet sales forecast derived from the WVTM data. Existing online buyers account for all online sales today but new consumers that have never used the Internet will determine the growth of online sales.
Assuming their spending matches that of existing online buyers, we predict sales to new buyers will exceed old buyers by the year 2001.
Insert Figure 5 about here
Insert Figure 6 about here
Discussion
The strength of panel data is its ability to provide information about changes in behavior over time for individual consumers. Using the WVTM, we found that over a 12-month period online consumers doubled the number of items bought online and spent nearly three quarters more on each purchase, two facts that together resulted in a tripling of the value of the average online consumer over time. The size of online retail market will be driven not only by an increase in the number of people who go online for the first time in the next few years, but also by increases (and, interestingly, decreases) in online shopping by individual consumers already online.
The results of the WVTM2 show that the Internet population is already starting to look more and more like the general population, at least in the United States. Companies will have to plan their Web site design for an audience that is less Web savvy, less educated, and earning less, and, that is, possibly, less tolerant of new technology. According to our projections, most of the money earned by online retailers in two years time will come from people who have yet to connect to the Internet. However, this research also shows that differences between new online consumers and more experienced online consumers are erased over time by the rapid acclimatization of consumers to this new medium of consumption.
The opportunity to observe differences over time within subjects has also revealed some of the reasons why people change their online shopping behavior. Those people who bought online last year but "dropped out" of online shopping this year seem to have had some bad experiences with online retailers. These people are getting more spam than other people online. Online retailers will have to provide significant incentives to win these people back to trying online buying again (news of stockouts and bogus companies will not help). In the meantime, these Dropouts are returning to paper-based catalogs for convenient shopping from home. The people who have never bought are increasing the amount of time they are spending online, and may in time make at least one online purchase.
The WVTM2 offers the chance to observe changes in time over two periods. With two observation points, it's possible to extrapolate a straight line with which to forecast the future.
But the growth in Internet shopping seems so dynamic that it is hardly likely to be a simple linear phenomenon. To gauge whether changes over time within individuals are linear, or curvilinear (for example, a tripling each year of the annual value of each individual), we will need to observe at least three points in time. Even more periods may allow estimates of the limits of this growth, which can not be infinite, whereas linear and simple curvilinear projections have no asymptotes. With this in mind, the Wharton Forum on Electronic Commerce will commence collecting data for a third year from the WVTM in late 1999. Although expensive to establish initially, the costs of panels can be lower over the long term.
More information can be collected since existing background information need not be repeated each time period. Table 7 Results from regression analysis predicting online spending Jan-99 Jul-99 Jan-00 Jul-00 Jan-01 Jul-01 Jan-02 Jul-02 Jan-03 Jul-03 Jan-04 Jul-04 billions New Growth $ OLD Growth Total $
